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Abstract  
 
This article analyzes the role of spatial spillovers in the relationship between climate 
change and food security in developing countries over the period of 1971-2010. 
Using a Samuelson’s spatial price equilibrium model (theoretically) and Spatial 
Durbin Model (empirically), results show a strategic substitutability between the 
levels of food availability in the countries suggesting that an increase of food 
availability in a given country decreases the food availability of neighboring 
countries. Second climate change (water balance variability, droughts, floods and 
extreme temperatures) reduces food availability both in the affected countries and 
its main food trading partners. Third, food demand factors in a country may have the 
opposite (asymmetric) effect on its major trading partners. Fourth, supply factors 
have symmetric impact on food availability. 
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1. Introduction 
 
Over the last two decades, the number of people affected by extreme poverty has 
decreased from 1.9 billion in 1990 to 836 million in 2015 and the percentage of 
undernourished people has dropped by almost half from 23.3 per cent to 12.9 per cent.  
In 2015, the United Nations launched the Sustainable Development Goals (SDGs) 
initiative that aims to end poverty and hunger by 2030. Addressing issues related to 
food security is included in year fifteen of the development agenda. According to The 
State of Food Insecurity in the World report (SOFI, 2015), 795 million people were 
undernourished in 2015. Although hunger has been reduced in developing countries, 
progress has been hindered by several factors including political instability, less 
inclusive economic growth and climate events (St.Clair & Lynch 2010).  
The economic literature on the impact of climate change on food security and 
production can be divided into two strands. In one body of literature, several authors 
develop theoretical arguments or prospective studies which indicate that climatic 
variability has a negative impact on agricultural production and decreases food 
availability. For instance, Christensen et al. (2007) show that food production is 
highly vulnerable to the influence of adverse weather and Ringler et al. (2010) and St. 
Clair and Lynch (2010) conclude that climatic variability is a factor of childhood 
malnutrition in Sub-Saharan Africa. The second body of literature has found 
mitigated effects of climate change on food production. For example, Eckersten et al. 
(2001) conclude that in areas suffering from water stress, increased rainfall can 
actually increase agricultural production. However, they also find that excessive 
rainfall can contribute to soil degradation and reduce both soil oxygen (nitrogen 
leaching, runoff and soil erosion areas) and agricultural productivity. In the United 
States, several studies show that climate change has a significant and negative impact 
on agriculture (Adams, 1989; Schlenker, Hanemann and Fisher, 2005, among others).  
However, using panel data, Deschênes and Greenstone (2007) have demonstrated that 
climate change has an insignificant or slightly positive effect. Using panel data for 
Asian countries from 1998 to 2007, Lee et al. (2012) show that high temperatures and 
increased precipitation in summer increase agricultural production. In the case of 
Ethiopia, von Braun (1991) concludes that a 10% decrease in the amount of rainfall 
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below the long term average leads to a 4.4% reduction in food production. Finally, 
Badolo et Kinda (2014) show that the negative effects of climatic variability on food 
security are exacerbated in the presence of civil conflicts and are high for countries 
that are vulnerable to food price shocks. These countries are highly dependent on food 
imports and have an agricultural sector that is sensitive to climatic events.  
Another body of literature focuses on the integration of agricultural markets as a 
contributing factor of food security in developing countries (Barrett and Li, 2002; 
Baulch 1997; Goodwin and Pigott, 2001; Ravallion, 1986). These studies have shown 
that many food markets are not well integrated. During the global food crisis of 2006-
2008, agricultural commodities and food prices dramatically increased. One of the 
factors of this spike in prices was climatic shocks in the form of droughts and floods. 
Rainfall instability and extreme temperatures negatively affect agricultural crops and 
lead to lower food supplies in international markets, which contributes to a rise in 
agricultural prices. Increases in food prices can have a strong negative impact on 
households in developing countries where agricultural products form the basis for 
food consumption. The 2006-2008 crises illustrated a link between the international 
food market and spillover effects. Indeed, these crises can be explained by the 
increase in demand due to a richer diet in India and China, the increase in world 
population and competition with biofuels on the one hand, and on the other, the 
decline in production due to droughts (Romania, Lesotho, Somalia, Ghana), floods 
(Ecuador, Bolivia, Sri Lanka) and a particularly hard winter (southern China and 
Argentina) in 2007 (FAO, 2008). These spatially localized phenomena have spread 
around the world and led to food riots in developing countries (Senegal, Ivory Coast, 
Egypt, Haiti, Indonesia, Philippines, Cameroon, and others) that originally were not 
affected by these phenomena. In addition, ignoring the spatial interactions in 
regression models (OLS, panel data, etc.) can not only bias the standard deviations 
but can impact the value of the estimates. Therefore, it is important to explicitly 
address the spatial patterns underlying the determination of food availability that may 
exist in market mechanisms because many developing countries, especially the 
poorest countries, depend on international food markets. 
This paper investigates the importance of spatial spillovers in the relationship between 
climate change and food security in 53 developing countries over the period of 1971-
2010. To the best of our knowledge, no study has focused on the spatial dependencies 
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of food availability and cross-border effects generated by climate change.  We model 
theoretically the spatial interdependence of countries' food availability levels using a 
Samuelson’s spatial price equilibrium model. This spatial interdependence of trade in 
goods between a country and its trading partners is empirically modeled using a trade 
connectivity matrix (imports of food commodities) and a Spatial Durbin Model with 
fixed effects.  Results are as follows: First, we find strategic substitutability between 
the levels of food availability in the countries suggesting that the increase of food 
availability in a given country decreases the food availability of neighboring 
countries. Second climate change (water balance variability, droughts, floods and 
extreme temperatures) reduces food availability both in the affected countries and its 
main food trading partners. The adverse effect of climate change on food availability 
in developing countries is more explained by spillover effects than direct effects. 
Third, demand factors (income per capita, population density, population growth, 
dependence ratio) in a country may have the opposite (asymmetric) effect on its major 
trading partners. Fourth, supply factors (water balance variability, drought, flood, 
extreme temperature, water balance, arable and cereal lands,) have symmetric impact 
on food availability.  
The remainder of the paper is as follows. Section 2 defines the concepts of climate 
change and food security and presents the theoretical model. Sections 3 and 4 
describe the empirical strategy and discuss the results. Concluding remarks are 
offered in last section. 
2. Conceptual Framework 
 
In this section we will define concepts and theoretically analyze the nature of 
spillover effects in food security. 
2.1. Definition and measures of food security and climate change 
 
According to the 1996 World Food Summit  “Food security [is] a situation that exists 
when all people, at all times, have physical, social and economic access to sufficient, 
safe and nutritious food that meets their dietary needs and food preferences for an 
active and healthy life.”  
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Food availability in a country depends on its imports and exports to other countries. A 
country’s trade relations can lead to strategic behaviors, spatial spillovers and 
interdependence on the amount of food available between countries. For example the 
total food production is distributed among countries through imports and exports, the 
quantities exported by a country are no longer available for domestic consumption: it 
is a zero sum game. By contrast, food security indicators of social and economic 
access to and use of available food depend largely on individual and household 
conditions so it is unlikely that there is a spatial interdependence of these food 
security indicators across countries. Therefore, in this study we will focus only on 
analyzing the effects of spillovers between the food availability of each country/on 
the national level. 
According to the United Nations Intergovernmental Panel on Climate Change (IPCC, 
2007; p30), “Climate change refers to a change in the state of the climate that can be 
identified (e.g., using statistical tests) by changes in the mean and/or the variability of 
its properties, and that persists for an extended period, typically decades or longer.” In 
this study we will focus particularly on climate variability, which measures the 
change in climate from its mean state (standard deviations, the occurrence of 
extremes). Climate change is measured by 1) the standard deviation of the growth rate 
of water balance which is the difference between rainfall and evaporation and 2) 
extreme events (droughts, floods and extreme temperature). 
 
2.2. Sources of spatial spillovers: Samuelson’s spatial price equilibrium 
model 
To determine the source and nature of the spatial interactions between countries, we 
use Samuelson’s (1952) simple spatial price equilibrium model. This model allows 
for computing the competitive equilibrium of prices and quantities in several spatially 
separated markets given the domestic demand and supply functions and transport 
costs. In the presence of trade, it allows us to analyze the interdependence between 
food quantities available in each country at the equilibrium and the transmission of 
supply and demand shocks from one country to another through market mechanisms. 
In this paper, we consider two countries indexed by i and j which produce and 
consume a homogenous food commodity. We assume that demand and supply are 
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linear functions that can be written as: 
 
𝐹𝐷𝑖 = 𝛾𝑖 −  𝑃𝑖
𝐹𝑆𝑖 = 𝛿𝑖 +  𝑃𝑖
 (1)  
 
𝐹𝐷𝑗 = 𝛾𝑗 −  𝑃𝑗
𝐹𝑆𝑗 = 𝛿𝑗 +  𝑃𝑗
 (2)  
where 𝐹𝐷𝑖  and 𝐹𝐷𝑗  are the demand for food in country i and j, 𝐹𝑆𝑖  and 𝐹𝑆𝑗  their 
supply of food and 𝑃𝑖 and 𝑃𝑗  the price of food. We further assume that 𝛿𝑖 > 𝛿𝑗  and 
𝛾𝑖 > 𝛾𝑗 , therefore 𝛾𝑖 + 𝛿𝑖 > 𝛾𝑗 + 𝛿𝑗 . In others words, food supply and demand are 
higher in country i than in country j.  
In autarky these two markets are independent and the equilibrium price in each 
country is given by: 
 𝑃𝑖
∗ =  
𝛾𝑖 − 𝛿𝑖
2
;  𝐹𝐷𝑖
∗ = 𝐹𝑆𝑖
∗ =  
𝛾𝑖 + 𝛿𝑖
2
; (3)  
 𝑃𝑗
∗ =  
𝛾𝑗 − 𝛿𝑗
2
;   𝐹𝐷𝑗
∗ = 𝐹𝑆𝑗
∗ =  
𝛾𝑗 + 𝛿𝑗
2
∙  (4)  
Suppose  𝛾𝑖 − 𝛿𝑖 > 𝛾𝑗 − 𝛿𝑗 , the equilibrium price and quantity will be higher in 
country i than in country j. The equilibrium quantity is equivalent to the food 
availability of each country.  
Now, assume that trade takes place between these two countries and that a climate 
shock (𝐶𝑆𝑗) affects country j. The supply function of j can be rewritten as follows: 
𝐹𝑆𝑗 = (𝛿𝑗 − 𝐶𝑆𝑗) +  𝑃𝑗 . Suppose transportation costs are zero; therefore, we have a 
unique equilibrium price for both countries. Note that this assumption only affects the 
magnitude of trade flows and not their direction. We also assume that for food 
sovereignty and survival reasons, supply and demand for food commodities (mainly 
basic goods) are always greater than zero. For example, a country will not import all 
of the food it consumes--it will produce a part. The equilibrium can be found by 
equating the total food shipments and the total receipts: 
 (𝐹𝐷𝑖 − 𝐹𝑆𝑖) +  (𝐹𝐷𝑗 − 𝐹𝑆𝑗) = 0 (5)  
Solving the equation (5), the equilibrium price and quantities traded are given by 
 𝑃𝑇
∗ =  
𝛾𝑖 − 𝛿𝑖 + 𝛾𝑗 − 𝛿𝑗 + 𝐶𝑆𝑗
4
  (6)  
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 𝐹𝑆𝑇𝑖
∗ =  
𝛾𝑖 + 3𝛿𝑖 + 𝛾𝑗 − 𝛿𝑗 + 𝐶𝑆𝑗
4
 (7)  
 𝐹𝐷𝑇𝑖
∗ =  
3𝛾𝑖 + 𝛿𝑖 − 𝛾𝑗 + 𝛿𝑗 − 𝐶𝑆𝑗
4
 (8)  
 𝐹𝑆𝑇𝑗
∗ =  
𝛾𝑖 − 𝛿𝑖 + 𝛾𝑗 + 3𝛿𝑗 − 3𝐶𝑆𝑗
4
 (9)  
 𝐹𝐷𝑇𝑗
∗ =  
3𝛾𝑗 + 𝛿𝑗 − 𝛾𝑖 + 𝛿𝑖 − 𝐶𝑆𝑗
4
        (10)  
At the equilibrium, the quantity demanded is equivalent to the food availability of 
each trading country. 𝐹𝑆𝑇𝑖
∗  and 𝐹𝑆𝑇𝑗
∗  are the quantities produced by each country in 
equilibrium. Some is consumed locally and the rest is exported. The total amount of 
food commodities produced by the two countries is equal to the total amount 
consumed 𝑇𝐹𝐴 = 𝐹𝑆𝑇𝑖
∗ +  𝐹𝑆𝑇𝑗
∗ = 𝐹𝐷𝑇𝑖
∗ + 𝐹𝐷𝑇𝑗
∗ .  From this simple model, it is 
possible to gain some insight on the nature of spatial spillovers that is, on how a 
particular country’s  food availability is influenced by the food availability and 
characteristics of its main trading partners.  
Food availability in country i is also equal to the total quantity produced minus the 
quantity available in country j  (𝐹𝐷𝑇𝑖
∗ = 𝑇𝐹𝐴 − 𝐹𝐷𝑇𝑗
∗ ) , otherwise higher food 
availability in country j will tend to reduce the amount of food availability in country i 
(
𝜕𝐹𝐷𝑇𝑖
∗
𝜕𝐹𝐷𝑇𝑗
∗ < 0). 
Proposition 1. The amount of food commodities available in countries i (j) and j (i) 
are strategic substitutes. 
The characteristics of country j may also have an effect on food availability in country 
i. First, a reduction of production in country j due to a shock will lead to an increase 
in the equilibrium price (
𝜕𝑃𝑇
∗
𝜕𝐶𝑆𝑗
> 0) and a reduction of food availability not only in 
country j but also in country i (
𝜕𝐹𝐷𝑇𝑗
∗
𝜕𝐶𝑆𝑗
< 0 and 
𝜕𝐹𝐷𝑇𝑖
∗
𝜕𝐶𝑆𝑗
< 0). This spatial contagion 
effect results from trade and price adjustment mechanisms on the market.  
Proposition 2. A negative (positive) shock on the supply of food e.g., a climate shock 
in country j (i) reduces (increases) the food availability in both countries. The effect 
of a supply shock is symmetric. 
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Second, a change of the demand level will have an asymmetric effect. Indeed, an 
increase in demand in country j will lead to higher prices in this country. This will 
result in additional imports from i to j until the new equilibrium price is reached. All 
things being equal, this will increase the quantity of food in country j at the 
equilibrium (
𝜕𝐹𝐷𝑇𝑗
∗
𝜕𝛾𝑗
> 0) and reduce the available food of country i (
𝜕𝐹𝐷𝑇𝑖
∗
𝜕𝛾𝑗
< 0). 
Proposition 3. Increase (decrease) in the demand of food in country j (i) increases 
(decrease) the food availability in country j (i) but reduces (increases) the food 
availability of country i (j). The effect of a demand shock is asymmetric between i and 
j. 
We are interested in understanding the main channels of spatial spillover effects 
between food availability in a country and its trading partners, and particularly in the 
contagion effect of climatic shocks on food availability. The following section will 
empirically analyze these spatial spillover effects. 
3. Empirical strategy 
 
To investigate the importance of spatial dependences on the effect of climate change 
on food security in developing countries, this section presents our data sources and 
the econometric setting.  
3.1. Data and sources 
This study is based on yearly panel data. It covers a period from 1971 to 2010 for 53 
developing countries. The choice of countries and the period of study are related to 
the fact that spatial econometric models require a balanced panel (without missing 
data). The data on food security (food availability) come from the Food and 
Agriculture Organization of the United Nations (2015). Food availability is the sum of 
production, stocks and the trade balance (imports – exports) of each of the 53 
countries. In this study we consider the main cereals (maize, rice, sorghum, millet and 
wheat), soybeans and sugar because they represent the main source of food for direct 
human consumption as well as the main input of meat production in several 
developing countries. The food availability indicator obtained is a simple average of 
food availability of these commodities expressed in g/person/year. As a robustness 
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check we use the total availability of food in the country. Figure 1 shows the spatial 
distribution of food availability indicators for the countries in our sample. 
 
Figure 1: Map of food availability per capita in selected developing countries (1971-2010) 
 
Source: Own calculations using data from FAO (2015) 
 
In this paper, climate change is measured by climatic variability and extreme events. 
Climatic variability is measured by the five-year rolling standard deviation of the 
growth rate of water balance, which is the difference between precipitation and 
potential evapotranspiration. Thus, this index combines the impact of climate change 
on precipitation and temperature and is therefore better suited for analyzing the 
impact of climate change on agricultural sectors than the simple measure of the 
variability of rainfall, which is frequently used in the economic literature. The rainfall 
and evapotranspiration data used to compute water variability come from the Climatic 
Research Unit (CRU) time-series, Version 3.2 of high resolution gridded data of 
month-by-month variation in climate.  
To analyze extreme climate events affecting food security we use natural disasters 
data drawn by the Emergency Events Database (EM-DAT) of the Center for Research 
on the Epidemiology of Disasters (CRED). Natural disasters are defined in the EM-
DAT Glossary of Terms as a “situation or event, which overwhelms local capacity, 
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necessitating a request to national or international level for external assistance.” In 
this study we look at the three natural disasters which are directly related to climate 
change and most affect food security: drought, flood and extreme temperatures. Each 
indicator measures the number of events that occurred in a country in a given year as 
these three natural disasters do not have the same effects on food security. For 
example, droughts should have a greater negative effect on food security than other 
natural disasters. Two reasons justify the choice of the number of occurrence of each 
natural disaster to measure the impact of climate shocks instead of the monetary 
damage caused by natural disasters or the number of affected people. Indeed, data on 
monetary damage, number of people affected and the number of deaths are likely to 
be subject to measurement errors and endogenously determined by the level of 
development (Skidmore and Toya, 2002). According to Elhorst (2014) it is difficult, if 
not impossible, to derive Maximum Likelihood (ML) or Bayesian estimators of 
models with spatial dependence and additional endogenous explanatory variables 
(Elhorst, 2014). Figure 2 shows the spatial distribution of the climate change 
indicators of our sample. 
The control variables are the main determinants of food security. They include the 
level of economic development (proxied by the natural logarithm of real GDP per 
capita), demographic characteristics of the population (logarithm of population 
density, logarithm of the dependency ratio
1
 and logarithm of the population growth 
rate), agricultural factors (cereal production land and logarithm of arable land), 
inflation (consumer prices) and the quality of institutions (polity IV). They are taken 
from the World Development Indicators (World Bank) and Polity IV project. 
Descriptive statistics of all of the variables used in the paper are presented in 
Appendix A. 
 
 
 
 
 
 
 
                                                        
1
 The proportion of people between the ages of 15 and 65 years. 
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Figure 2: Map of climate change indicators in selected developing countries. 
 
Source: Own calculations using data from CRED (2015). 
 
3.2. Econometric setting 
In this study we are primarily interested in the comovement of food availability across 
countries according to the intensity of their trade relations. This corresponds to a 
global
2
 spatial spillover scenario because a change in supply or demand for food in a 
given country will lead to a sequence of adjustments between supply and demand on 
the international market until a new long term steady state equilibrium is reached. 
Following Anselin (2001) and Lesage (2014) we therefore estimate a Spatial Durbin 
Model (SDM) with fixed effect panel data.
3
 This model includes spatially lagged 
endogenous and exogenous variables and takes into account temporal dimensions and 
observed and unobserved heterogeneity of countries. In addition, the SDM has the 
advantage of producing unbiased estimates even if the underlying data generator 
process is a Spatial Autoregressive Model (Elhorst 2010b). Finally, we separately 
estimate the impact of climate change indicators as they are strongly correlated. The 
model to be estimated is written as follows: 
                                                        
2
 LeSage (2014) distinguishes between local and global spillovers. Global spillovers arise if spatial 
spillovers concern the neighbors of country i, but also the neighbors of its neighbors, and so on. Local 
spillovers imply only interactions between direct neighbours. 
3
 Initially, we also try to estimate a Dynamic Spatial Durbin Model with fixed effects but unfortunately 
the model is non-concave. 
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 𝐹𝑆𝑖𝑡 = 𝜌 𝑊 𝐹𝑆𝐽𝑡 + 𝛼1𝐶𝐶𝑖𝑡 + 𝛼2𝑊𝐶𝐶𝑖𝑡  +  𝛽1𝑋𝑖𝑡 + 𝛽2𝑊𝑋𝑖𝑡 + 𝜇𝑖 + 𝜖𝑖𝑡 (11) 
 
where, 𝐹𝑆𝑖𝑡 is food security, W is the spatial weight matrix, 𝑋𝑖𝑡 the other explanatory 
variables (country characteristics : GDP per capita, population density, cereal yields, 
arable lands, etc.) in country i at period t  and 𝜌  is the spatial autocorrelation 
coefficient. 𝐶𝐶𝑖𝑡 is the climatic change variable and our interest variable. 𝛼1, 𝛼2, 𝛽1 
and 𝛽2are the parameters to be estimated. 𝜖𝑖𝑡 is the error term in the model and we 
allow this error term to be serially correlated. According to the first law of geography: 
“[E]verything is related to everything else, but near things are more related than 
distant things” (Tobler, 1970: 236). This law explains why geographical distance has 
been widely used in spatial econometrics to measure connectivity. However, in a 
context of market integration, the economic distance matrices are more relevant in 
certain circumstances. In this study, W is a trade connectivity matrix. It is based on 
the value of agri-food trade (imports) flows taken from the UN Comtrade database for 
the period of 1971-2010. Each country is linked to all its trading partners, but the 
intensity of connectivity is stronger when the share of imports from a country is high. 
This trade connectivity matrix is more suited to our case study than an inverse 
distance matrix. Indeed, the availability of food in a country depends more on the 
volume of imports from other countries than its geographical proximity with these 
countries. For instance, Burkina Faso is geographically closer to Benin that India, 
However, a shock on India's rice production (world rice production) will have a 
greater effect on Burkina Faso than a shock in Benin. We normalize the matrix W by 
dividing each element (i, j) by the sum of the line. 
According to Pace et al. (2012), the use of Instrumental Variables and Generalized 
Method of Moments to estimate a SDM is less effective than ordinary least squares 
unless the number of observations is greater than 500,000 because the second order 
spatially lagged explanatory variables in a SDM are weak instruments and they do not 
properly identify the spatial autocorrelation coefficient. In this study we use the 
maximum likelihood method estimator developed by Elhorst (2010a) and Lee and Yu 
(2010) and implemented in Stata by Hughes and Mortari (2013) to estimate our 
model.  
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4. Results 
4.1. Specification tests 
 
We test the appropriateness of the SDM for analyzing the spatial interdependence of 
food safety against the Spatial Autoregressive (SAR) model and the Spatial Error 
Model (SEM). Following Elhorst (2014), we test the joint nullity of all coefficients of 
spatially lagged explanatory variables(𝛼2 = 𝛽2 = 0). This test, significant at the 1% 
level, allows us to reject the specification SAR. The equality (𝛼2 = −𝜌𝛼1)  and 
(𝛽2 = −𝜌𝛽1) is rejected by the 𝜒
2 at a level of significance of 1% which allows us to 
reject the SEM. Finally, the Hausman test is carried out on SDM and allows us to 
reject the hypothesis of independence between the random effects and explanatory 
variables. Therefore, the fixed effects model is preferred in this study. All the 
specification tests are presented at the bottom of Table B.1 in the Appendix. 
4.2. General pattern of spatial spillovers 
 
The presence of strategic substitutability in countries' food availability levels in our 
theoretical model is confirmed by a significant value of the spatial autocorrelation 
coefficient (𝜌) (table B.1). Put differently, the food availability of a given country 
tends to decrease along with that of its neighbours. These spillover effects allow for 
the sharing of world food production between the world's leading food producers and 
countries with low food production. However, in the case of a global crisis strategic 
substitutability may also exacerbate food availability and food insecurity by 
contributing to the leakage to rich countries.  
The existence of spatial interactions has important policy implications. Indeed, any 
change of an explanation variable will generate a direct and an indirect/spillover 
effects (Lesage and Pace, 2009). The direct effect measures the impact of a change in 
the value of each explanatory variable in country i on food availability in country j. 
The indirect effect measures the impact of a change in the value of each explanatory 
variable in country i on food availability in all other countries (j). Following Lesage 
(2014), indirect effects capture spillover effects because they arise in all countries but 
indirect effects decrease with the intensity of trade between countries. 
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4.3. Effect of climate change on food security 
 
The main contribution of this study is the identification of spatial spillover effects of 
all of the explanatory variables, in general, and more particularly of the impact of 
climate change. Indeed, we show that the variability of water balance, droughts, 
floods and extreme temperatures not only negatively affect food availability of the 
treated/affected country, but also that of its major food trading partners. Table 1  
shows that an increase of one point in the variability of the water balance will lead to 
a of 0.0131g/day/per capita reduction in the country’s food availability and to a 
0.0205g /day/per capita reduction in the economic neighborhood for a total effect of 
0.0336g/day/per capita. These results are consistent with the predictions of our 
theoretical model. Previous papers have shown that climatic events have negative 
effects in the country’s food production (Christensen et al. 2007; Lee et al. 2012), 
food availability and security (Badolo and Kinda, 2014). However our results are 
innovative and important because they show that climate events can also reduce food 
availability in neighbouring countries. Consequently, the omission of the spillover 
effects in the literature would have led to the underestimation of the climate change 
effect on food security. In addition, these results allow anticipating the impact of 
climate indicators that come from partner countries and identifying countries that will 
be most affected in the future. 
Figure 3 shows the average total impact of climate events (water balance variability, 
drought, flood, extreme temperatures) by country from 1971 to 2010. It shows that 
America has suffered more adverse effects of droughts, temperature extremes and 
variability of water balance while Asia and Africa were more affected by droughts, 
extreme temperatures and floods. In addition, it also appears that drought events are 
the most harmful to food availability. Indeed, over the period studied they generated 
an average decline in food availability of between 0.13 and 0.38g/day/per capita. In 
addition, figure 4 shows the importance of direct and indirect of climate indicators on 
per capita food availability in developing countries.  The total negative of climate 
change indicators on food availability in developing countries is more related to 
indirect effect (spillover effects) than direct effect. 
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Table 1: Climate change and food availability: marginal effects 
  Food_day_g Food_day_g Food_day_g Food_day_g 
  Coef. Std. Err. Coef. Std. Err. Coef. Std. Err. Coef. Std. Err. 
Direct 
        Water balance variability -0.0131* (0.0077) 
      Drought 
  
-0.0002*** (0.0001) 
    Flood 
    
0.0000 (0.0001) 
  Extreme temperature 
      
-0.0001** (0.0001) 
Water balance  0.0078** (0.0032) 0.0080*** (0.0029) 0.0082*** (0.0032) 0.0081*** (0.0030) 
Lgdp 0.0370*** (0.0040) 0.0368*** (0.0038) 0.0367*** (0.0041) 0.0367*** (0.0040) 
Lpop_dens 0.0755*** (0.0154) 0.0756*** (0.0150) 0.0754*** (0.0162) 0.0754*** (0.0154) 
Pop_growth -0.0026*** (0.0005) -0.0026*** (0.0005) -0.0026*** (0.0005) -0.0026*** (0.0005) 
Larable 0.0524*** (0.0042) 0.0524*** (0.0043) 0.0524*** (0.0044) 0.0523*** (0.0043) 
Cereal_land 0.6711*** (0.0176) 0.6726*** (0.0186) 0.6704*** (0.0177) 0.6715*** (0.0181) 
Polity2  -0.0104*** (0.0012) -0.0103*** (0.0012) -0.0103*** (0.0012) -0.0103*** (0.0012) 
LDependency_ratio 0.0738*** (0.0186) 0.0718*** (0.0212) 0.0727*** (0.0220) 0.0719*** (0.0224) 
Inflation 0.0031*** (0.0008) 0.0028*** (0.0008) 0.0029*** (0.0009) 0.0028*** (0.0008) 
Indirect 
        Water balance variability -0.0205* (0.0121) 
      Drought 
  
-0.0004*** (0.0001) 
    Flood 
    
-0.0002*** (0.0000) 
  Extreme temperature 
      
-0.0002*** (0.0001) 
Water balance  -0.0065 (0.0039) -0.0046 (0.0050) -0.0043 (0.0054) -0.0043 (0.0051) 
Lgdp -0.0708*** (0.0061) -0.0712*** (0.0067) -0.0713*** (0.0072) -0.0714*** (0.0070) 
Lpop_dens 0.0110 (0.0304) 0.0096 (0.0306) 0.0100 (0.0321) 0.0098 (0.0307) 
Pop_growth -0.0080* (0.0046) -0.0071 (0.0048) -0.0075 (0.0053) -0.0072 (0.0051) 
Larable 0.0150** (0.0072) 0.0158** (0.0078) 0.0157** (0.0080) 0.0156** (0.0077) 
Cereal_land 0.2595*** (0.0486) 0.2456*** (0.0366) 0.2494*** (0.0337) 0.2455*** (0.0347) 
Polity2  0.0012 (0.0014) 0.0020 (0.0018) 0.0017 (0.0018) 0.0018 (0.0018) 
LDependency_ratio -0.0484 (0.0988) -0.0458 (0.0992) -0.0460 (0.1056) -0.0443 (0.1018) 
Inflation 0.0020 (0.0015) 0.0006 (0.0014) 0.0009 (0.0014) 0.0008 (0.0014) 
Total                 
Water balance variability -0.0336*** (0.0116) 
      Drought 
  
-0.0006*** (0.0001) 
    Flood 
    
-0.0001*** (0.0000) 
  Extreme temperature 
      
-0.0004*** (0.0001) 
Water balance  0.0014 (0.0012) 0.0033 (0.0023) 0.0039 (0.0025) 0.0038 (0.0023) 
Lgdp -0.0338*** (0.0024) -0.0345*** (0.0031) -0.0347*** (0.0034) -0.0347*** (0.0031) 
Lpop_dens 0.0865*** (0.0157) 0.0853*** (0.0163) 0.0853*** (0.0166) 0.0852*** (0.0159) 
Pop_growth -0.0106** (0.0050) -0.0097* (0.0052) -0.0101* (0.0057) -0.0098* (0.0056) 
Larable 0.0674*** (0.0036) 0.0682*** (0.0041) 0.0681*** (0.0042) 0.0679*** (0.0039) 
Cereal_land 0.9306*** (0.0480) 0.9183*** (0.0313) 0.9198*** (0.0288) 0.9170*** (0.0302) 
Polity2  -0.0092*** (0.0023) -0.0083*** (0.0027) -0.0086*** (0.0028) -0.0085*** (0.0027) 
LDependency_ratio 0.0253 (0.0827) 0.0260 (0.0806) 0.0267 (0.0860) 0.0276 (0.0816) 
Inflation 0.0051*** (0.0020) 0.0034** (0.0016) 0.0038** (0.0017) 0.0036** (0.0017) 
Standard errors in parentheses; * p<0.10, * p<0.05, * p<0.01. 
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In the literature, climate change can be defined as a change in the trend of the 
occurrence of climatic phenomena. To measure this change in trend, we compute the 
difference between the average values of our climate change indicators in the first ten 
years (1970-1980) of our study and their average values during the last ten years 
(2001-2010). The results are presented in Table A.3. If the difference is positive then 
there is an accentuation of the climate phenomenon between the two periods these 
countries. The higher the value, the higher the impact of climate change on food 
security has increased between the two periods. These countries are the losers of 
climate change. In contrast, if the difference is negative then there has been a 
reduction in the occurrence of climatic phenomenon between the two sub-periods. 
The countries that are in this situation have benefited from a reduction of the negative 
effects of climate change between the two periods.  
For each country, we can compute the direct and indirect effects of the change in the 
trend of indicators of climate change on food security by multiplying the marginal 
effects (direct and indirect) by this trend. The impact of the change in trend of climate 
change indicators on food availability by country is presented in Figure 5. This graph 
shows different pictures. In South America and Africa, the impact of water balance 
variability on food availability has increased between the two sub-periods. In addition 
Africa, India, Nepal, and Southeast Asia are those that experienced the largest 
increases in the impact of droughts. In contrast the impact of flooding has increased 
especially in Asia and Africa. Finally, India, China, South Africa, Central America, 
Brazil and Bolivia are those who have known a sharp rise of the impact of extreme 
temperatures on food availability. Final, figure 6 concludes that the marginal 
contribution of spillover effects of the trend of climate change indicators is higher 
than the direct effect.  
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Figure 3: Map of the average decline in per capita food availability caused by climate 
change indicators (1971-2010). 
 
Source: Own calculations. 
Figure 4: Average marginal impact (direct and indirect) of climate change indicators 
on per capita food availability. 
 
Source: Own calculations. 
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Figure 5: Map of the impact of climate change (change in trend) on food availability 
per capita. 
 
Source: Own calculations. 
 
Figure 6: Average marginal impact (direct and indirect) of the trend of climate change 
indicators on per capita food availability. 
 
Source: Own calculations. 
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4.4. Spillover effects and explanatory variables 
 
The percentage of arable land and the area of land devoted to cereal production in a 
given country increase the food availability both of this country and of its major 
trading partners. The water balance and percentage of people of working age 
(dependency ratio) have a direct positive effect on food availability and a non-
significant indirect effect. These results validate proposition 2 of the theoretical 
model. GDP per capita has a positive direct effect and negative indirect effect on food 
availability. In other words, economic resources improve the capacity of a given 
country to increase food availability. However an increase of GDP per capita from its 
major trading partner countries can reduce this food availability through food imports. 
 This expected effect is consistent with the predictions of proposition 3. Contrariwise, 
density of population and inflation have a significant positive direct effect and a non-
significant indirect effect. The sign of the direct effect is in line with our expectations. 
Indeed, an increase in demand (population density) or prices (inflation) will boost 
food supply and lead to an increase in food availability through imports. The 
population growth rate has both a direct and an indirect negative and significant effect 
on food availability. This result seems intuitive because population growth increases 
pressure on world agricultural resources. Finally, democracy has a counter-intuitive 
direct effect. It has a negative direct impact on food security in the country while the 
indirect effect has the expected positive impact.  
4.5. Robustness checks 
 
In this section, we test whether our results are robust to the inclusion of all food 
commodities in the calculation of food availability and to a change of the econometric 
specification used. 
First, in the case of climatic events affecting cereal production, countries may 
substitute cereals with other foods. In this case, the reduction of cereal availability 
will have no effect on total food availability. As a robustness check, we repeat the 
analysis using the total food availability (expressed in kilocalories/person/year) as the 
dependent variable instead of cereal availability. The results, reported in Table B.2 
and B.3 in the Appendix, confirm strategic substitutability between food availability 
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levels and the negative effect of climate change on food security. Indeed, the direct 
and indirect effects associated with climate change variables are negative and 
significantly different from zero, except for the direct effect of the variability of the 
water balance. Furthermore, the spatial autocorrelation coefficient is negative and 
significantly different from zero at the 1% level, although it is relatively lower. 
Second, methodologically, our use of the SDM is the most suitable model to analyze 
the spatial interdependence of the level of food availability between countries; 
however, the error terms of this model can be spatially correlated. This correlation can 
be explained by the omission of spatially correlated explanatory variables such as 
climatic, hydrological and soil fertility factors. In addition, neighboring countries are 
more likely to use similar agricultural practices, which could also lead to a spatial 
correlation of the error term. This spatial correlation is more related to geographical 
proximity than to commercial relations between countries. According to Lesage 
(2014), who equates these spatial interactions to local spillovers, a neighborhood 
matrix is more suitable for this analysis. Thus, we consider a general nesting spatial 
model with a spatially lagged dependent variable (economic matrix W), spatially 
lagged explanatory variables and spatially correlated error term (geographical 
neighborhood matrix𝑊2). The use of a different neighborhood matrix between the 
dependent variable and the error term facilitated the identification of this model 
(Elhorst, 2014). The estimated model is written as follows: 
 
𝐹𝑆𝑖𝑡 = 𝜌 𝑊 𝐹𝑆𝐽𝑡 + 𝛼1𝐶𝐶𝑖𝑡 + 𝛼2𝑊𝐶𝐶𝑖𝑡  +  𝛽1𝑋𝑖𝑡 + 𝛽2𝑊𝑋𝑖𝑡 + 𝜇𝑖 +  𝜆𝑊2𝑢𝑗𝑡 + 𝜖𝑖𝑡 (12) 
 
With 𝑊2 the matrix of 5 nearest neighbors, 𝜆 the spatial autocorrelation coefficient of 
error terms and 𝑊2𝑢𝑗𝑡 is referred to as the spatially-lagged error.  
The results presented in Table B.4 in the Appendix show that the spatial 
autocorrelation coefficient of the error terms is not significant. This reinforces both 
our choice of the SDM in this study and the nature of spatial interactions that we have 
highlighted. 
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5. Concluding remarks  
 
Global warming poses considerable uncertainty on agricultural production and food 
availability and, thus, on the livelihoods of the most vulnerable populations. 
Therefore rigorous analyses based on improved methodologies are needed to inform 
public decisions.   
In this article we theoretically and empirically investigate the existence of spatial 
interactions between the levels of food availability of countries and analyse the spatial 
spillover effects of climatic change (water balance variability, droughts, floods and 
extreme temperatures) on food availability. Our contribution to theory is the modeling 
of the impact of shocks and the spillover effects that result using a Samuelson’s 
spatial price equilibrium model. We empirically use a Spatial Durbin Model in which 
the spatial interdependence of food availability levels between the countries is 
explicitly modeled using a trade connectivity matrix (imports of food commodities).  
Results are as follows: firstly we show that the level of food availability in a given 
country is a strategic substitute of those of its main trading partners. In other words, 
an increase of food availability in a given country reduces the food availability of its 
main trading partners. Second, climatic events (water balance variability, droughts, 
floods and extreme temperatures) have spillover effects. Indeed they reduce food 
availability in both the country and in its economic neighborhood. The adverse effect 
of climate change on food availability in developing countries is more explained by 
spillover effects than direct effects. Third, results establish that demand factors 
(income per capita, population density, population growth, dependence ratio) in a 
country may have the opposite (asymmetric) effect on its major trading partners. 
Final, the effect of supply factors (water balance variability, drought, flood, extreme 
temperature, water balance, arable and cereal lands,) on food availability is 
symmetric.  
Our results have clear policy implications. A better knowledge about the nature of the 
spatial effects of climate change can improve the design and implementation of 
climate policies aimed at fighting against food insecurity in developing countries. 
Indeed, instead of the emergency response strategy against food insecurity, our results 
suggest to establish mechanisms that identify countries that most are affected and 
vulnerable to climate change. In addition, mitigation and adaptation policies could be 
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implemented to countries by taking into account the spatial spillover effects of 
climate change. In other words, because the vulnerability depends on the type of 
climate events that developing countries are exposed to, they could identify and 
implement policies that serve multiple objectives (development, adaptation and 
mitigation).  These strategies may contribute to circumscribe the impact of climate 
change on food security, but also to anticipate, plan and optimize food safety policies. 
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Appendix 
 
A. Description, data sources and list of countries 
Table A.1. Description and data sources  
Variable Description Source Mean Std. Dev. 
Food_day_g Refers to the total amount of the 
commodity available as human food 
during the reference period. Food 
availability is the total of food 
production + food import- food 
exports+ variation in food stocks. 
FAO(2015) 
0.360 0.137 
Water balance variability Measured by the five-year rolling 
standard deviation of the growth 
rate of the water balance, this is the 
difference between precipitation and 
potential evapotranspiration (in 
thousand square millimeters). 
Climatic Research 
Unit (2015) 
 
0.141 0.102 
Drought Number of occurrence of drought 
events per year. 
CRED (2015) 
0.391 2.304 
Flood Number of occurrence of flood 
events per year. 
CRED (2015) 
0.779 5.436 
Extreme temperature Number of occurrence of extreme 
temperature events by year 
CRED (2015) 
0.230 2.422 
Water balance  Yearly average water balance (in 
thousand millimeters). 
Climatic Research 
Unit (2015) -0.050 1.053 
Lgdp Logarithm of GDP per capita 
(constant 2005 US$) 
WDI (2015) 
7.139 1.120 
Lpop_dens Logarithm of population density WDI (2015) 3.643 1.242 
Pop_growth Population growth rate WDI (2015) 2.221 1.004 
Larable Percentage of arable lands WDI (2015) 2.132 1.039 
Cereal_land Land under cereal production in 
millions of hectares. 
WDI (2015) 
0.062 0.183 
Polity2  The Polity Score captures the 
regime authority spectrum on a 21-
point scale ranging from -10 
(hereditary monarchy) to +10 
(consolidated democracy). 
Polity IV (2010) 
0.018 1.000 
LDependency_ratio Logarithm of the proportion of 
people between the ages of 15 and 
65  
WDI (2015) 
4.022 0.093 
Inflation Consumer prices inflation WDI (2015) 0.029 0.328 
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Table A.2. List of countries 
Algeria Gabon Panama 
Benin Ghana Paraguay 
Bolivia Guatemala Peru 
Brazil Honduras Philippines 
Burkina Faso Hungary Rwanda 
Burundi India Senegal 
Cameroon Indonesia Sierra Leone 
Central African 
Republic Korea, Rep. South Africa 
Chad Liberia Sri Lanka 
Chile Madagascar Sudan 
China Malaysia Syrian Arab Republic 
Colombia Mauritania Togo 
Congo, Rep. Mexico Trinidad and Tobago 
Costa Rica Morocco Tunisia 
Cote d'Ivoire Nepal Turkey 
Dominican Republic Nicaragua Uruguay 
Ecuador Niger Venezuela 
Egypt, Arab Rep. Nigeria   
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Table A.3. : Average (1971-1980 and 2001-2010) and trend of climate change indicators by country 
  
Water Balance 
variability   Drought occurrence   Flood occurrence   
Extreme temperature 
occurrence 
Country 71-80 01-10 Change 
 
71-80 01-10 Change 
 
71-80 01-10 Change 
 
71-80 01-10 Change 
Algeria 0.020 0.028 0.008 
 
0.000 0.000 0.000 
 
0.000 0.000 0.000 
 
0.000 0.000 0.000 
Benin 0.093 0.111 0.018 
 
0.100 0.600 0.500 
 
0.100 0.600 0.500 
 
0.000 0.000 0.000 
Bolivia 0.073 0.095 0.022 
 
0.000 0.200 0.200 
 
0.000 0.300 0.300 
 
0.000 0.200 0.200 
Brazil 0.061 0.072 0.011 
 
0.200 0.300 0.100 
 
0.500 0.400 -0.100 
 
0.300 0.600 0.300 
Burkina Faso 0.056 0.106 0.050 
 
0.100 0.800 0.700 
 
0.100 0.900 0.800 
 
0.000 0.000 0.000 
Burundi 0.095 0.145 0.050 
 
0.100 0.300 0.200 
 
0.100 0.400 0.300 
 
0.000 0.000 0.000 
Cameroon 0.075 0.087 0.012 
 
0.000 0.600 0.600 
 
0.000 0.600 0.600 
 
0.000 0.000 0.000 
Central African Rep. 0.090 0.057 -0.033 
 
0.000 1.000 1.000 
 
0.000 1.100 1.100 
 
0.000 0.000 0.000 
Chad 0.034 0.036 0.002 
 
0.100 0.800 0.700 
 
0.200 1.000 0.800 
 
0.000 0.000 0.000 
Chile 0.059 0.096 0.038 
 
0.000 0.000 0.000 
 
0.000 0.000 0.000 
 
0.000 0.000 0.000 
China 0.031 0.039 0.008 
 
0.000 0.200 0.200 
 
0.000 1.700 1.700 
 
0.000 0.200 0.200 
Colombia 0.140 0.236 0.097 
 
0.000 0.000 0.000 
 
0.000 0.000 0.000 
 
0.000 0.000 0.000 
Congo, Rep. 0.110 0.098 -0.012 
 
0.000 0.700 0.700 
 
0.000 0.800 0.800 
 
0.000 0.000 0.000 
Costa Rica 0.255 0.269 0.014 
 
0.000 0.000 0.000 
 
0.000 0.000 0.000 
 
0.000 0.000 0.000 
Cote d'Ivoire 0.139 0.094 -0.045 
 
0.100 0.600 0.500 
 
0.100 0.600 0.500 
 
0.000 0.000 0.000 
Dominican Republic 0.204 0.242 0.037 
 
0.100 0.100 0.000 
 
0.100 0.100 0.000 
 
0.000 0.000 0.000 
Ecuador 0.197 0.275 0.079 
 
0.100 0.200 0.100 
 
0.100 0.200 0.100 
 
0.000 0.000 0.000 
Egypt, Arab Rep. 0.022 0.022 0.001 
 
0.000 0.000 0.000 
 
0.000 0.300 0.300 
 
0.000 0.200 0.200 
Gabon 0.119 0.101 -0.018 
 
0.000 0.000 0.000 
 
0.000 0.300 0.300 
 
0.000 0.000 0.000 
Ghana 0.171 0.115 -0.056 
 
0.100 0.200 0.100 
 
0.100 0.300 0.200 
 
0.000 0.000 0.000 
Guatemala 0.269 0.246 -0.023 
 
0.000 0.100 0.100 
 
0.000 0.100 0.100 
 
0.000 0.100 0.100 
Honduras 0.275 0.190 -0.085 
 
0.000 1.600 1.600 
 
0.000 2.200 2.200 
 
0.000 0.000 0.000 
Hungary 0.120 0.139 0.020 
 
0.000 0.100 0.100 
 
0.000 0.200 0.200 
 
0.000 0.100 0.100 
India 0.115 0.068 -0.047 
 
0.300 0.600 0.300 
 
0.800 2.300 1.500 
 
0.300 0.600 0.300 
Indonesia 0.296 0.297 0.001 
 
0.200 3.500 3.300 
 
1.000 15.30 14.30 
 
0.000 0.000 0.000 
Korea, Rep. 0.225 0.335 0.110 
 
0.000 0.200 0.200 
 
0.000 0.200 0.200 
 
0.000 0.200 0.200 
Liberia 0.260 0.190 -0.070 
 
0.000 0.400 0.400 
 
0.000 0.400 0.400 
 
0.000 0.400 0.400 
Madagascar 0.130 0.093 -0.037 
 
0.000 0.300 0.300 
 
0.000 0.400 0.400 
 
0.000 0.000 0.000 
Malaysia 0.212 0.373 0.161 
 
0.100 0.300 0.200 
 
0.100 0.500 0.400 
 
0.000 0.000 0.000 
Mauritania 0.027 0.030 0.003 
 
0.000 0.100 0.100 
 
0.000 0.100 0.100 
 
0.000 0.000 0.000 
Mexico 0.046 0.049 0.003 
 
0.000 0.100 0.100 
 
0.000 0.100 0.100 
 
0.000 0.100 0.100 
Morocco 0.077 0.107 0.030 
 
0.000 0.000 0.000 
 
0.000 0.000 0.000 
 
0.000 0.000 0.000 
Nepal 0.148 0.127 -0.021 
 
0.000 1.900 1.900 
 
0.000 2.600 2.600 
 
0.000 2.000 2.000 
Nicaragua 0.248 0.322 0.074 
 
0.000 0.100 0.100 
 
0.000 0.100 0.100 
 
0.000 0.000 0.000 
Niger 0.038 0.051 0.012 
 
0.100 0.900 0.800 
 
0.100 1.200 1.100 
 
0.000 0.000 0.000 
Nigeria 0.074 0.069 -0.005 
 
0.000 0.800 0.800 
 
0.000 2.000 2.000 
 
0.000 0.800 0.800 
Panama 0.164 0.255 0.091 
 
0.000 1.900 1.900 
 
0.000 2.800 2.800 
 
0.000 0.000 0.000 
Paraguay 0.135 0.168 0.033 
 
0.000 1.400 1.400 
 
0.000 1.500 1.500 
 
0.000 1.400 1.400 
Peru 0.091 0.126 0.035 
 
2.400 0.100 -2.300 
 
3.400 0.300 -3.100 
 
2.400 0.100 -2.300 
Philippines 0.285 0.385 0.099 
 
0.200 0.300 0.100 
 
0.200 2.600 2.400 
 
0.000 0.000 0.000 
Rwanda 0.091 0.136 0.045 
 
0.100 0.400 0.300 
 
0.100 0.500 0.400 
 
0.000 0.000 0.000 
Senegal 0.112 0.122 0.010 
 
0.100 0.400 0.300 
 
0.100 0.400 0.300 
 
0.000 0.000 0.000 
Sierra Leone 0.170 0.106 -0.064 
 
0.000 0.000 0.000 
 
0.000 0.500 0.500 
 
0.000 0.000 0.000 
South Africa 0.081 0.109 0.028 
 
0.000 2.600 2.600 
 
0.000 3.300 3.300 
 
0.000 2.600 2.600 
Sri Lanka 0.262 0.186 -0.076 
 
0.100 0.300 0.200 
 
0.100 0.400 0.300 
 
0.000 0.000 0.000 
Sudan 0.032 0.048 0.017 
 
0.100 0.900 0.800 
 
0.100 1.100 1.000 
 
0.000 0.000 0.000 
Syrian Arab Republic 0.103 0.086 -0.017 
 
0.300 0.000 -0.300 
 
0.300 0.000 -0.300 
 
0.000 0.000 0.000 
Togo 0.114 0.144 0.030 
 
0.000 0.400 0.400 
 
0.000 0.400 0.400 
 
0.000 0.000 0.000 
Trinidad and Tobago 0.143 0.219 0.075 
 
0.000 0.000 0.000 
 
0.000 0.000 0.000 
 
0.000 0.000 0.000 
Tunisia 0.074 0.070 -0.003 
 
0.100 0.000 -0.100 
 
0.200 0.000 -0.200 
 
0.000 0.000 0.000 
Turkey 0.076 0.065 -0.011 
 
0.000 0.000 0.000 
 
0.400 0.300 -0.100 
 
0.200 0.100 -0.100 
Uruguay 0.172 0.255 0.083 
 
0.000 0.000 0.000 
 
0.000 0.000 0.000 
 
0.000 0.000 0.000 
Venezuela 0.096 0.269 0.174 
 
1.200 0.000 -1.200 
 
2.000 0.000 -2.000 
 
0.000 0.000 0.000 
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B. Empirical Results 
 
Table B.1: Climate change and food availability: Estimation results 
  Food_day_g Food_day_g Food_day_g Food_day_g 
  Coef. Std. Err. Coef. Std. Err. Coef. Std. Err. Coef. Std. Err. 
Main 
        Water balance variability -0.0134 (0.0091) 
      Drought 
  
-0.0002*** (0.0001) 
    Flood 
    
0.0000 (0.0001) 
  Extreme temperature 
      
-0.0001** (0.0001) 
Water balance  0.0075** (0.0031) 0.0077*** (0.0029) 0.0079*** (0.0029) 0.0079*** (0.0028) 
Lgdp 0.0357*** (0.0037) 0.0354*** (0.0036) 0.0354*** (0.0036) 0.0354*** (0.0036) 
Lpop_dens 0.0762*** (0.0150) 0.0763*** (0.0148) 0.0762*** (0.0149) 0.0761*** (0.0148) 
Pop_growth -0.0028*** (0.0006) -0.0028*** (0.0006) -0.0028*** (0.0006) -0.0028*** (0.0006) 
Larable 0.0524*** (0.0041) 0.0524*** (0.0041) 0.0523*** (0.0041) 0.0524*** (0.0041) 
Cereal_land 0.6741*** (0.0183) 0.6766*** (0.0179) 0.6728*** (0.0179) 0.6753*** (0.0180) 
Polity2  -0.0103*** (0.0012) -0.0102*** (0.0012) -0.0103*** (0.0012) -0.0102*** (0.0012) 
LDependency_ratio 0.0723*** (0.0198) 0.0706*** (0.0214) 0.0705*** (0.0215) 0.0708*** (0.0214) 
Inflation 0.0031*** (0.0008) 0.0029*** (0.0007) 0.0029*** (0.0007) 0.0029*** (0.0007) 
         Wx         
Water balance variability -0.0320** (0.0150) 
      Drought 
  
-0.0006*** (0.0001) 
    Flood 
    
-0.0002*** (0.0000) 
  Extreme temperature 
      
-0.0003*** (0.0001) 
Water balance  -0.0058 (0.0043) -0.0031 (0.0059) -0.0027 (0.0059) -0.0026 (0.0059) 
Lgdp -0.0793*** (0.0087) -0.0801*** (0.0096) -0.0802*** (0.0095) -0.0803*** (0.0095) 
Lpop_dens 0.0325 (0.0257) 0.0316 (0.0273) 0.0312 (0.0272) 0.0314 (0.0274) 
Pop_growth -0.0109* (0.0063) -0.0099 (0.0066) -0.0101 (0.0067) -0.0100 (0.0066) 
Larable 0.0353*** (0.0126) 0.0363*** (0.0131) 0.0360*** (0.0129) 0.0360*** (0.0130) 
Cereal_land 0.5411*** (0.1236) 0.5215*** (0.0914) 0.5213*** (0.0907) 0.5190*** (0.0911) 
Polity2  -0.0014 (0.0015) -0.0003 (0.0021) -0.0006 (0.0020) -0.0005 (0.0020) 
LDependency_ratio -0.0290 (0.1196) -0.0290 (0.1219) -0.0262 (0.1210) -0.0271 (0.1211) 
Inflation 0.0038* (0.0022) 0.0018 (0.0019) 0.0021 (0.0019) 0.0020 (0.0019) 
                  
Rho -0.2942*** (0.0825) -0.2962*** (0.0748) -0.2922*** (0.0748) -0.2946*** (0.0747) 
Sigma2_e 0.0010*** (0.0001) 0.0010*** (0.0001) 0.0010*** (0.0001) 0.0010*** (0.0001) 
Observations 2120   2120   2120     2120 
Log-pseudolikelihood -4317 
 
-4317 
 
-4316 
  
-4316 
Hausman test             
Chi2 statistic 510.25 76.11 108.55 138.2 
P-value 0.000 0.000 0.000 
 
0.000 
Test SDM vs SAR: B2 = B4 = 0 
       Chi2 statistic 7586 3869 3555 3708 
P-value 0.000 0.000 0.000 0.000 
Test SDM vs SEM: B2 = B4 = 0 
       Chi2 statistic 12056 5361 5537 4997 
P-value 0.000 0.000 0.000 0.000 
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Standard errors in parentheses; * p<0.10, * p<0.05, * p<0.01. 
Table B.2: Climate change and total food availability: Estimation results 
  Lfood_day_g Lfood_day_g Lfood_day_g Lfood_day_g 
  Coef. Std. Err. Coef. Std. Err. Coef. Std. Err. Coef. Std. Err. 
Main 
        Water balance variability -0.0345 (0.0395) 
      Drought 
  
-0.0011*** (0.0003) 
    Flood 
    
-0.0001 (0.0001) 
  Extreme temperature 
      
0.0010*** (0.0003) 
Water balance  0.0178*** (0.0063) 0.0194*** (0.0059) 0.0201*** (0.0059) 0.0203*** (0.0058) 
Lgdp 0.3420*** (0.0133) 0.3408*** (0.0127) 0.3408*** (0.0127) 0.3409*** (0.0126) 
Lpop_dens 0.4855*** (0.0417) 0.4842*** (0.0413) 0.4842*** (0.0415) 0.4848*** (0.0412) 
Pop_growth -0.0093* (0.0056) -0.0091 (0.0056) -0.0091 (0.0056) -0.0092 (0.0056) 
Larable 0.1221*** (0.0282) 0.1221*** (0.0276) 0.1217*** (0.0276) 0.1212*** (0.0275) 
Cereal_land 2.8415*** (0.1587) 2.8390*** (0.1335) 2.8275*** (0.1306) 2.8172*** (0.1278) 
Polity2  -0.0320*** (0.0042) -0.0311*** (0.0044) -0.0314*** (0.0043) -0.0316*** (0.0043) 
LDependency_ratio 0.5010*** (0.0971) 0.4936*** (0.0964) 0.4941*** (0.0963) 0.4941*** (0.0968) 
Inflation 0.0065*** (0.0025) 0.0053** (0.0024) 0.0056** (0.0025) 0.0060** (0.0024) 
         Wx         
Water balance variability -0.2802*** (0.0428) 
      Drought 
  
-0.0017*** (0.0004) 
    Flood 
    
-0.0004*** (0.0001) 
  Extreme temperature 
      
-0.0001 (0.0003) 
Water balance  -0.0394** (0.0167) -0.0177 (0.0130) -0.0161 (0.0128) -0.0140 (0.0126) 
Lgdp -0.2793*** (0.0318) -0.2887*** (0.0365) -0.2896*** (0.0363) -0.2913*** (0.0360) 
Lpop_dens -0.3387*** (0.0842) -0.3465*** (0.0898) -0.3475*** (0.0896) -0.3475*** (0.0890) 
Pop_growth -0.2406*** (0.0178) -0.2377*** (0.0190) -0.2384*** (0.0190) -0.2406*** (0.0190) 
Larable 0.3453*** (0.0465) 0.3422*** (0.0509) 0.3408*** (0.0497) 0.3374*** (0.0497) 
Cereal_land 1.9777*** (0.5006) 1.7693*** (0.3485) 1.7664*** (0.3428) 1.7512*** (0.3378) 
Polity2  0.0035 (0.0062) 0.0079 (0.0081) 0.0067 (0.0078) 0.0050 (0.0083) 
LDependency_ratio -0.0893 (0.4326) -0.1100 (0.4348) -0.1040 (0.4305) -0.1052 (0.4294) 
Inflation -0.0036 (0.0082) -0.0138 (0.0086) -0.0124 (0.0082) -0.0104 (0.0084) 
                  
Rho -0.0867*** (0.0334) -0.0739** (0.0294) -0.0720** (0.0295) -0.0705** (0.0295) 
Sigma2_e 0.0201*** (0.0026) 0.0201*** (0.0026) 0.0202*** (0.0026) 0.0201*** (0.0026) 
Observations 2040 2040 2040 2040 
Log-pseudolikelihood -1087 -1087 -1088 -1091 
Standard errors in parentheses; * p<0.10, * p<0.05, * p<0.01. 
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Table B.3: Climate change and total food availability: Marginal effects 
  Lfood_day_g Lfood_day_g Lfood_day_g Lfood_day_g 
  Coef. Std. Err. Coef. Std. Err. Coef. Std. Err. Coef. Std. Err. 
Direct 
        Water balance variability -0.0338 (0.0335) 
      Drought 
  
-0.0011*** (0.0003) 
    Flood 
    
-0.0001 (0.0001) 
  Extreme temperature 
      
0.0010*** (0.0003) 
Water balance  0.0184*** (0.0068) 0.0199*** (0.0062) 0.0206*** (0.0065) 0.0208*** (0.0065) 
Lgdp 0.3445*** (0.0133) 0.3431*** (0.0139) 0.3431*** (0.0138) 0.3430*** (0.0128) 
Lpop_dens 0.4881*** (0.0370) 0.4875*** (0.0416) 0.4872*** (0.0401) 0.4868*** (0.0365) 
Pop_growth -0.0075 (0.0052) -0.0072 (0.0054) -0.0072 (0.0055) -0.0074 (0.0052) 
Larable 0.1211*** (0.0256) 0.1208*** (0.0272) 0.1203*** (0.0264) 0.1207*** (0.0251) 
Cereal_land 2.8417*** (0.1449) 2.8387*** (0.1290) 2.8285*** (0.1266) 2.8174*** (0.1158) 
Polity2  -0.0325*** (0.0042) -0.0315*** (0.0042) -0.0319*** (0.0041) -0.0320*** (0.0042) 
LDependency_ratio 0.4929*** (0.0974) 0.4933*** (0.0840) 0.4918*** (0.0958) 0.4912*** (0.0961) 
Inflation 0.0070*** (0.0025) 0.0057** (0.0025) 0.0060** (0.0025) 0.0063*** (0.0023) 
                  
Total 
        Water balance variability -0.2615*** (0.0405) 
      Drought 
  
-0.0015*** (0.0005) 
    Flood 
    
-0.0004*** (0.0001) 
  Extreme temperature 
      
-0.0002 (0.0002) 
Water balance  -0.0391** (0.0152) -0.0193 (0.0135) -0.0178 (0.0130) -0.0156 (0.0120) 
Lgdp -0.2870*** (0.0280) -0.2961*** (0.0358) -0.2973*** (0.0347) -0.2980*** (0.0314) 
Lpop_dens -0.3553*** (0.0736) -0.3609*** (0.0873) -0.3621*** (0.0825) -0.3597*** (0.0761) 
Pop_growth -0.2203*** (0.0125) -0.2198*** (0.0139) -0.2208*** (0.0142) -0.2229*** (0.0143) 
Larable 0.3119*** (0.0345) 0.3154*** (0.0476) 0.3150*** (0.0432) 0.3114*** (0.0388) 
Cereal_land 1.6168*** (0.3453) 1.4737*** (0.2934) 1.4778*** (0.2853) 1.4616*** (0.2574) 
Polity2  0.0068 (0.0062) 0.0105 (0.0084) 0.0094 (0.0070) 0.0077 (0.0072) 
LDependency_ratio -0.0974 (0.3685) -0.1080 (0.3843) -0.0939 (0.3905) -0.1014 (0.3730) 
Inflation -0.0046 (0.0084) -0.0138* (0.0083) -0.0125 (0.0084) -0.0108 (0.0086) 
         Indirect         
Water balance variability -0.2953*** (0.0265) 
      Drought 
  
-0.0026*** (0.0006) 
    Flood 
    
-0.0005** (0.0002) 
  Extreme temperature 
      
0.0008** (0.0004) 
Water balance  -0.0207 (0.0151) 0.0006 (0.0115) 0.0028 (0.0111) 0.0052 (0.0103) 
Lgdp 0.0574*** (0.0187) 0.0470* (0.0252) 0.0459* (0.0241) 0.0450** (0.0225) 
Lpop_dens 0.1328*** (0.0426) 0.1266** (0.0507) 0.1251*** (0.0483) 0.1271*** (0.0457) 
Pop_growth -0.2279*** (0.0145) -0.2270*** (0.0163) -0.2280*** (0.0166) -0.2303*** (0.0165) 
Larable 0.4330*** (0.0233) 0.4362*** (0.0301) 0.4354*** (0.0281) 0.4321*** (0.0271) 
Cereal_land 4.4586*** (0.4707) 4.3124*** (0.3996) 4.3064*** (0.3893) 4.2789*** (0.3480) 
Polity2  -0.0257*** (0.0043) -0.0210*** (0.0069) -0.0225*** (0.0058) -0.0243*** (0.0056) 
LDependency_ratio 0.3956 (0.3323) 0.3852 (0.3554) 0.3979 (0.3480) 0.3898 (0.3273) 
Inflation 0.0024 (0.0083) -0.0081 (0.0080) -0.0065 (0.0082) -0.0045 (0.0084) 
                  
Standard errors in parentheses; * p<0.10, * p<0.05, * p<0.01. 
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Table B.4: Climate change and food availability: General nesting stpatial model results 
  Food_day_g Food_day_g Food_day_g Food_day_g 
  Coef. Std. Err. Coef. Std. Err. Coef. Std. Err. Coef. Std. Err. 
Main 
        Water balance variability -0.0134 (0.0089) 
      Drought 
  
-0.0002*** (0.0001) 
    Flood 
    
0.0000 (0.0001) 
  Extreme temperature 
      
-0.0001** (0.0001) 
Water balance  0.0076*** (0.0026) 0.0078*** (0.0024) 0.0080*** (0.0024) 0.0079*** (0.0024) 
Lgdp 0.0358*** (0.0042) 0.0355*** (0.0040) 0.0354*** (0.0040) 0.0354*** (0.0040) 
Lpop_dens 0.0764*** (0.0160) 0.0764*** (0.0158) 0.0763*** (0.0158) 0.0762*** (0.0158) 
Pop_growth -0.0028*** (0.0006) -0.0028*** (0.0006) -0.0028*** (0.0006) -0.0028*** (0.0006) 
Larable 0.0525*** (0.0037) 0.0525*** (0.0037) 0.0524*** (0.0037) 0.0524*** (0.0037) 
Cereal_land 0.6738*** (0.0180) 0.6764*** (0.0180) 0.6725*** (0.0181) 0.6752*** (0.0181) 
Polity2  -0.0103*** (0.0011) -0.0102*** (0.0011) -0.0103*** (0.0011) -0.0102*** (0.0011) 
LDependency_ratio 0.0722*** (0.0206) 0.0705*** (0.0223) 0.0704*** (0.0224) 0.0707*** (0.0224) 
Inflation 0.0031*** (0.0007) 0.0029*** (0.0006) 0.0029*** (0.0006) 0.0029*** (0.0006) 
         Wx         
Water balance variability -0.0320** (0.0148) 
      Drought 
  
-0.0006*** (0.0001) 
    Flood 
    
-0.0002*** (0.0000) 
  Extreme temperature 
      
-0.0003*** (0.0001) 
Water balance  -0.0058 (0.0039) -0.0032 (0.0055) -0.0027 (0.0056) -0.0026 (0.0055) 
Lgdp -0.0793*** (0.0088) -0.0801*** (0.0096) -0.0802*** (0.0095) -0.0803*** (0.0095) 
Lpop_dens 0.0318 (0.0301) 0.0313 (0.0317) 0.0308 (0.0316) 0.0311 (0.0318) 
Pop_growth -0.0110* (0.0057) -0.0100 (0.0061) -0.0101 (0.0062) -0.0101* (0.0060) 
Larable 0.0354*** (0.0130) 0.0363*** (0.0135) 0.0360*** (0.0133) 0.0360*** (0.0134) 
Cereal_land 0.5347*** (0.0894) 0.5181*** (0.0646) 0.5178*** (0.0648) 0.5168*** (0.0646) 
Polity2  -0.0012 (0.0022) -0.0002 (0.0028) -0.0005 (0.0027) -0.0005 (0.0028) 
LDependency_ratio -0.0302 (0.1117) -0.0296 (0.1146) -0.0268 (0.1139) -0.0275 (0.1138) 
Inflation 0.0038* (0.0022) 0.0018 (0.0019) 0.0021 (0.0019) 0.0020 (0.0020) 
         Rho -0.2874*** -0.2927*** -0.2886*** -0.2923*** 
 
(0.0476) (0.0424) (0.0428) (0.0423) 
Lambda -0.0102 -0.0052 -0.0054 -0.0034 
 
(0.0660) (0.0649) (0.0644) (0.0653) 
Sigma2_e 0.0010*** 0.0010*** 0.0010*** 0.0010*** 
 
(0.0001) (0.0001) (0.0001) (0.0001) 
Observations 2120 2120 2120 2120 
Log-pseudolikelihood -4317.96 -4317.13 -4316.63 -4316.47 
Standard errors in parentheses; * p<0.10, * p<0.05, * p<0.01. 
 
